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ABSTRACT

Mining productivity is a measure of the effectiveness of mining resource inputs computed
as a ratio of production output per input resources. Factors affecting productivity can be
grouped as a combination of technical and economic factors. The ratio of the production
outputs to inputs in a mine determines the mine’s productivity. The greater the output

produced at optimum cost, the more efficient is the functional mine system.

In this study, the factors affecting mine production efficiency at Morupule Coal Mine
(MCM) were assessed using statistical analysis methods as the mine has varying daily
production levels that are mostly below set threshold targets. Also, production shift
variances were assessed and the causes of productivity variances were classified according
to scale of impact. The results show wide variances in the production outputs between
morning, afternoon and night shifts; the equipment availabilities for continuous miners
(CMs) ranged from 79.5% to 92.2% and those for shuttle cars varied from 84.0% to 92.0%.
The average engineering availabilities for CMs and shuttle cars were generally higher than
their set threshold targets but they are the lowest performing equipment’s. The regression
models show a high goodness of fit between the parameters and mine production showing

that there is a strong correlation between them.

It is reccommended that the CMs should be frequently examined to be within their equipment
reliability period and the duration of the mean time to repair of shuttle cars should be

improved to ensure they are serviced within the maintenance service threshold targets.
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CHAPTER 1

INTRODUCTION

1.1 Background

Mining productivity is a measure of the effectiveness of mining resource inputs computed
as a ratio of production output per input resources. Productivity is defined as a single factor,
multi-factor and total factor productivity (Tsolas, 2019). Factors affecting productivity can

be grouped as technical, economic and a combination of economic and technical factors.

Humphreys (2019) states that mining productivity is inherently cyclical as evidenced during
mining boom seasons. Generally, during periods of higher commodity prices mining entities
focus on volume while productivity declines and during periods of low prices, they focus

on maximisation of resource utilisation.

A mining boom season is characterised by a decline in productivity as production efficiency
is neglected to have high returns. Consequently, the cost for production gradually increases

(Hall and Hall, 2015) and commodity prices gradually drop with tinlze;'fl"zxnd investor

confidence drops from high to low. As'a result, in the past during perlods of ‘

1

ining booms,
the focus of the mining industry shiftssto*maximising productlwty to4 address gradual
commodity price drops, decline in investor conﬁdence and escalaﬁon in production
inefficiencies. This means that during  periods / of hlgh commodlty prices mining
performance may be overlooked or neglected as profit margms are hlgh and these eventually
cost the company when the prevailing condmons change. Therefore, high operational
performance of mining processes across distinct production faces need to be maintained
based on the scale of production and prevailing conditions (e.g. change in mineral market

price and technology).

Today, productivity is a topical issue in operating mines and is set as a work priority by
mining entities globally (Ernst and Young, 2014). Productivity is a challenge to most mining
companies. Mining productivity assessment plans must be set to check the effectiveness of
the operational processes and resource input utilisation to cater for declining production

under the prevailing conditions. Production evaluation is necessary as conditions such as




mine plans and available resources for use change with time. Also, the conditions of input
resources for work deteriorate with time. As such improvement strategies to either
increase/decrease production output, reduce cost and bottlenecks can be implemented using

the same resources and increasing/decreasing input resources.

This study is distinctive due to the use of actual data from an operating underground mine.
The results will show challenging/experienced conditions in an underground mine and lead
to real solutions/ measures to improve mining productivity. The proposed solutions can
apply to other mines and bring benefits such as process improvement and better utilisation
of resources. This study on production assessment contributes to the literature on key focus
areas such as resource management and operational research, which ensures the mining

industry's sustainability.

1.2 Problem Statement _
The ratio of the production outputs to inputsiin.a mine determines the level of operational
efficiency which is known as mine productivity. The greaterthe outptit produced at optimum
cost, the more efficient.is. the functional mine system. Productivitysisalso deﬁned as the
annual production of a mmeral resource per person or pxece of equ1pment employed (Dias
and Aparicio, 2018).

Production rate efficiency may be at'a minimum due to factors affectmg productwnty such
as the cycle of operations, machine efficiency and manpower (Mlshra et al., 2013). Low
levels of efficiency lead to increased. production cost and more time lost. Therefore, the
mine will not have high outputs from the resources mvested and the operations will be at a

lower scale of economy.

In a global survey where the participants were mine executives, it was concluded that
productivity is the main challenge in the mining field and this was listed on the management
agenda (Ernst and Young, 2014). It was noted that it is a challenge for mines to operate at
high scale as some operations may be conducted at what is termed “diseconomies of scale”.
The intent is to grow the mine’s operations capability to maximum economies of scale. For
mines to operate at maximum scale the challenges of productivity must be addressed to

ensure effective use of resources and higher turnover. Also monitoring and review must be




done continuously throughout the mine life as changes occur which affect productivity

levels of the equipment and machines in the system.

Production in a mine is affected by various factors which should be investigated to improve
mine production and use the input resources efficiently (Mishra et al., 2013). Identification
of measures of productivity is important as the mining processes must be evaluated

periodically to establish standard operational targets for all factors of mine production.

This research attempts to study the factors affecting mine production at Morupule Coal Mine
(MCM) as the mine is experiencing challenges in achieving optimal production
performance. This is evident by varying daily and monthly production levels that are mostly
below set threshold targets. MCM’s suboptimal performance shows possible existence of
production uncertainties which may be critical input resources and maintenance service
performances. MCM is the only supplier of coal to Morupule Power Station which generates
more than two thirds of Botswana’s electricity consumption and otherentities in the country.
Suboptimal production brings uncertainties to the coal buying entities and affect those

dependent on the buyers’ services.

1.3 Objectives of Research
The objectives of this study are to: oy o
1. Identify the factors affecting mine production at Morupule Coa_i Mihe (MCM).
2. Assess the variances in production during shifts aga_iinst thé established targets at
MCM. ’ __ o’ 4
3. Identify causes of production losses and classify the causes of productivity variances
according to scale of impact.
4. Identify and propose measures that will lead to achievement of set production

targets.

1.4 Expected Outcomes
The outcomes of this study are:
i) Identification of factors that significantly affect mine productivity and the level of
their impact on productivity.

ii) Maximum utilisation of resources will be achieved.




iii) Efficient and cost-effective operations will be developed to meet the proje

production targets of the mine during the mine life.

1.5 Methods Used
The methods used in this study include:
i) Literature review on factors contributing to mine productivity measures.
i)  Mine visits for familiarisation with the mining operations.
iii)  Field work to collect data for the study.
iv)  Consultations and interviews with mine officials to gain first-hand information
about the mining operations and processes.

Analysis of data using statistical and analytical methods.

........



CHAPTER 2

GENERAL INFORMATION ABOUT MINE

2 INTRODUCTION
This chapter contains the general information about Morupule Coal Mine on the history,

local geology, production and mineral processing operations of the mine.

2.1 History of Morupule Coal Mine
Morupule Coal Mine (MCM) is an underground coal mine located on the outskirts of

Palapye along the Serowe-Palapye main road (A14), within the Central District of the

Republic of Botswana Flgure 1 shows g!e location of the mine. MCM geographical
coordinates are 22° 30' 46 9" S, 27 ) '

N Makoro Mabaleapud
t Paje
Serowe
Mogorost
Thabala
Mokgolopite

Moiyabana



MCM extracts coal using room and pillar mining method. The coal products from the mine
are sold to industries and service entities to produce energy and as a reductant for
ferrochrome smelting. The major entities supplied with coal by MCM are Botswana Power
Corporation plant, Makoro Bricks and Tiles, Botswana Ash, Botswana Meat Commission,
Kgalagadi Breweries Limited and hospitals. Also, the mine supplies neighbouring countries

such as Zambia, Zimbabwe, South Africa and Namibia with coal.

2.2 Local Geology

The geology of the Morupule area is of Karoo sedimentary rocks which consist of coals,
shales and ecca sandstones of lower to middle size. The geology of the area is part of the
major Karoo basin on the eastern part developed to the West of Morupule (Anon., 2019a).

The coal seam in MCM is classified as low to average grade sub-bituminous coal.

2.3 Underground Mining Operations

Morupule Coal Mine (MCM) extracts coal using continuous miners in conjunction with
shuttle cars. The shuttle cars haul'and dump the coal.into feeder breakers which fragment
the coal into smaller sizes of <300 mm. The fragmented coal from the feeder breakers is
fed unto the main conveyor belt which sends the ore to the surface for processing. The
ancillary operations performed are reinforcing the roofand walls of the miﬁe obenings using
roof bolters and good housekeeping of the work area using load haul dump'machines. Also,
some auxiliary operations include drainage of water from working"dr‘eas, provision of
enough fresh air to the active workings, supply of powerand water. fovr.th‘e mining and dust

suppression processes.

MCM has four underground operating production sections. Each section has one CM, a roof
bolter, three shuttle cars, a feeder breaker and conveyor belt linked to the main conveyor
belt conveying raw coal to the mine stockpile on the surface (RoM). In total there are five
CMs, four operating at different sections while one is on maintenance service. The
continuous miners are placed on rotational maintenance services to ensure that whenever
one CM is on maintenance others are actively operational. The cycle of operations of the
CM at MCM consists of cutting, loading simultaneously into the shuttle cars and
occasionally waiting for shuttle cars while that of the shuttle cars comprise being loaded,

hauling (loaded), unloading (dumping) the coal materials into the feeder breaker and




returning (empty) to the CM location, waiting and positioning itself for loading by the C
The CM usually advances 12 m into a panel face before it is moved to another face for

cutting while roof bolting is done on the previous face.

The underground production team at each section of MCM consists of a ventilation
attendant, two roof bolters, relief operator, three shuttle car operators, two CM operators,
miner-in-charge and a shift boss who supervises two sections at a time in a shift. The total
number of personnel in one shift is a key parameter in computing the coal mine productivity.
Coal mine productivity in MCM is measured as the ratio of clean tonnes of coal the

underground mine produces per employee hour.

2.4 Surface Mme Processmg Operatlons
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CHAPTER 3

LITERATURE REVIEW

3 INTRODUCTION
This chapter contains the literature review on mining productivity, production improvement

techniques and analysis methods.

3.1 Production Efficiency
The efficiency of a production unit is a comparison between the actual values of its output
and input (Lovell, 1993). A 100% efficiency means that a production process has achieved

the maximum amount of output that is physically achievable with current technology or

processes and given a ﬁxed amount of mputs (Lawrence and Dlewert, 1999). Production

(Honglan et al., 2014) Mining effi clency aims to en ure that the supply

A%
\--; )

is balanced at the current market prlces mput resources are eﬂ'lcle

loading, hauling and dumping of either the - waste underground mines, the unit
operations may differ depending on the methods utilised (e.g. use of continuous miner or
longwall system in underground coal mines), ventilation and ground support requirements.
Various factors influence mine production efficiency (Topp et al., 2008; Elevli and Elevli,
2010; Fourie, 2016). The magnitude of these factors either minimise or maximise :

production and their measures give an indication to the mine planning and management
team the need to maintain or change and implement strategies to achieve the set prod 'ctjb

targets.



The reliability of production factors depends on valid, accurate, complete and timely data.
Consequently, good mine planning decisions have to be made to enable a mining company
to achieve high production performance with optimised input resources in a timely manner.
Maximum utilisation of the input resources increases the mine’s productivity and ensures
higher returns on investment for the mining company. With profits the mining entity can
explore other avenues to increase the mine’s life such as increased exploration for more

reserves.

Production efficiency has technical and allocative aspects (Reiff et al., 2002). The technical
aspects are determined by the ratio of output units to input units and deal with the capability
to utilise given production unit inputs effectively to produce maximal output units. The
allocative aspect is the ability to combine inputs and outputs in optimal proportions in the
light of prevailing market prices. A combination of technical and allocative efficiency
analysis indicates the economic efficiency of an industrial process. Mine production
efficiency may either be periodically assessed on technical, allocative or economic
efficiency levels to indicate production performance and potentially show variances in
outputs as the scale of production fluctuates with time.

o § o
According to Fried e al. (2008) variances in the production results may be attributed to
differences in the technology applied, scale of production, operational"'eﬁ_iéiency and the
environment where the production takes place. Therefore, the pr'oduqtio_lif- .iv'z{riances must be
evaluated to maintain or define a scale of production by, aséess,ih_g ltl_l;'e"’éxisting aspects of
production. This will ensure that appropriate mgaéufes arej‘;'"t"aAkéh‘ fo" monitor the scale of
production. "
3.2 Technical Function of Production
Production function refers to the maximum output levels that can be achieved with a given
amount of input using a given production technology, processes or operations (Berck and
Helfand, 2014). It is also described as a relationship between the output volumes produced
per input volume change. The production function is given by equation (1) where there are
one or more variable inputs:
Y = f(Xi1, Xa, ..., Xn) (D

Where Y is production output while Xo, X1, X2, ...., Xn are inputs variables in the function. :



The inputs to the production function are known as factors of production as they contribute
to the efficiency of the production operations. These are parameters which can be
strategically planned and controlled to achieve maximum production efficiency. As such
production analysis needs to be carried out to optimise the scale of production to ensure that
there are no variances in production levels from the set targets so as not to hamper the
company’s production performance. Production levels below the targeted values are likely
indicators of the inefficiencies in the invested resources. The measures of production
efficiency are production success indicators which lead to the identification of controllable

and uncontrollable sources that cause production variances (Fried et al., 2008).

3.3 Measures of Mining Productivity

The productivity of an operation is measured using either a single or multi-factor
productivity (Mawson et al., 2003). Single factor productivity, which is also known as
partial factor productivity, is a measure of production output per.a.unit measure of a single
resource input e.g. labour productivity, equipment productlwty or capital productivity.
Multi-factor productivity is a description of production. output per: a grouped units’ measure
of resource inputs in a production system. Also, total factor productwnty computatlon can
be applied, which refers to a measure of total output per all resource mputs not per grouped

input units as in multi-factor productivity.

3.4 Determinants of Underground Coal Mine Productnvnty ;
Many factors determine the level of mine production. These mclude the type of equipment
used, quality of labour, available capltal energy: sources, nature’of working environment,

work practices and availability of raw materials. Productmty reflects the degree of
utilisation of the production factors (Honglan et al., 2014). According to Topp et al. (2008)
the factors that determine production efficiency are technology, management, skills and
work practices. Fourie (2016) defines the factors affecting productivity in mining as the
selection of appropriate equipment, operator competency, haul profiles and work scheduling

including the short-term to long-term planning by the management.

Numerous factors influence an underground coal miner’s productivity. These factors
include seam thickness, mine roof and floor conditions, annual production capacity, period

of operation, quality of the finished product (coal preparation), presence of water, t}ie',

10




quantity of methane and/or strata gases emitted, management philosophy and mining
equipment performance (Malhotra, 1975). Other factors that affect underground coal mining
productivity are availability of skilled personnel, demographics shift and regulatory
inspection (Kuykendall and Qureshi, 2014). Also, occupational health and safety status of

an underground coal mine influence production.

3.4.1 Mining Equipment Performance

The level of equipment operational efficiency affects the mine’s productivity. The factors
that affect the equipment performance are availability, state and repair period, and utilisation
of the equipment. Also included is the availability of backup equipment to take care of
sudden and unplanned equipment breakdowns. Operational factors such as resource
utilisation and equipment cycle times must be assessed by applying appropriate performance

analysis techniques to improve production levels (Elevli and Elevli, 2010).

Variations in the performance of mining equipment can also be attributed to varying natural
conditions, equipment age, skill level of machine operators, machine capacity and the

mining method used (Malhotra;;1975).

Machine availability and utilisation are key factors"that influence mmmg equipment
productivity. Availability and utilisation of-equipment is crmcal to. the ]evel of mine
productivity and lead to production improvement and the estabhshrpent of effective
monitoring methods based on current pérforinaﬁce. Machinelcapacitie“s t’fiust be assessed to
know their production rate (per hour or per shiﬁ) and compa;fé them with the profiled

machine characteristics.

Generally, the efficiency of a CM in a mining operation is dependent on the number of
allocated shuttle cars, the length and conditions of haul roads, operator skills, shift downtime
characteristics and the machine’s operational age (Lashkari, 2014). The production
performance of a CM is dependent on the haulage system in use (Winkel, 2003). The
efficiency of the haulage system in turn either increases or decreases the cycle time of coal
panel advance. CM cutting rate and down times affect mine productivity. The mean cycle
time depends on the haulage distance to the feeder breakers and the operating conditions of
the shuttle cars. Very short or long haulage distances often result in shuttle cars waiting on

the CM or vice versa. This leads to unproductive times from the waiting times of shuttle

11




cars or CMs. Unproductive times in a continuous miner system lead to low effective cutting

rates or lower operational hours by the CM during the available shift hours.

The early and late sump times of CM during an operational shift influence the production
output. Generally, late starts and early stops in a shift reduce the production output per
production inputs used. This leads to a decrease in the overall productivity of the mine
production. Also, frequent changes of the CM from one face to another during a shift results

in delays and more time spent in setting up the CM at the new face.

According to Jemishkumar et al. (2017) the productivity of a continuous miner system can
be maximised in the following steps:

1) Maximising individual equipment performance

2) Careful choice of mine production plans, roadway and equipment layout.

3) Equipment utilisation time.

The utilisation of shuttle cars can be influenced by varying factors or conditions such as
(Lashkari, 2014): A /)
1) Inadequate road maintenance which may lead to _lower speéds(i_ N creased cycle
times. v ‘
2)
3)
4)
5) Ore cutting and roof support performed" dang fo;tlyg'iounds/productlon face

adding more time to the cuttmg cycle and 'llmxtmg:thenrnatenals handling operations.

The lengths of the cycle times of shuttle cars can show the inefficiencies in the materials
handling system that need evaluation to identify the root causes. A time study of a CM

system can be used to evaluate and optimise the number of shuttle cars allocated to a CM.
Morupule Coal Mine uses different equipment which influence production. Therefore,

studies on these machines (continuous miners, shuttle cars, feeder breakers, roof bolters and

conveyer belts) will show how their combined performance affect production in the mine.

12




3.4.2 Seam Thickness

Extraction of thicker coal seams results in increased productivity as there is more coal
available per square area and the mine machines can manoeuvre more easily within the
excavations. Coal seams of smaller thicknesses limit the movement of mine equipment and
this results in lower quantity of coal mined and available for processing into finished

products resulting in lower production efficiency.

3.4.3 Mine Roof and Floor Conditions

Good to strong roofs result in high levels of production efficiency and is desirable for mining
coal. Poor roofs could result in roof failures causing fatalities, damage to equipment and
loss of production due to temporary or permanent closure of the affected mining section.
This often requires frequent clean-ups, repair of work area, recovery and repair of the
damaged equipment. To avoid roof collapse, more man-hours are required for roof support

leading to increased production cycles and lower outputs per shift or per day.

Bad floor conditions in an underground mine result.in low production output of ore and
increased cost of operation..Poor floor conditions may be caused by floor upheaval due to
geological conditions or floors that are not cleaned regularly, poor drainage éygtems or steep
gradients (Segopolo, 2015). Ground upheaval causes uneven working sqffaqés which lead
to low haulage efficiency as the speed of equipmént is Iowered‘and thé_j.cx,é‘le time of the
system is increased. Thus, measures must be taken to cleaniand gra‘('le"‘t_vqu affected areas to
make the floor suitable for smooth mining operations. As such mofe man-hours must be
spent on cleaning and grading the ﬂoors.'Good housekeeping prqctiéés is needed to ensure
uninterrupted and continuous mining operations. The d;éinage System has to be set to drain
water quickly away from mining areas and the influence of steep gradients on the operation

of mine equipment needs to be evaluated.

3.4.4 Annual Production Capacity

The annual production capacity, which is also known as the scale of operation, depends on
the number of production input units utilised at the mine. The size and quantity of the
working input units affect the production rate. For an underground coal mine that uses
continuous miners, the input units include continuous miners, shuttle cars, feeder breakers
and conveyor belts. The continuous miners must be matched to the available shuttle cars to

ensure smooth and efficient operations. The productivity in underground coal mines differ

13




from one mine to the other based on the mining methods employed (i.e. whether continuous
miners are used in mining the ore or a conventional mining method is used). The
conventional mining methods usually result in lower productivity as compared to using

continuous miners.

3.4.5 Mine Life

The mine life is the period in which a mine is operational until all operations cease. From
the commencement of a mine’s operation many developments occur such as opening of new
production areas and haulage ways. This development creates longer materials handling
routes and transport ways for working personnel. Also, larger working areas need to be
monitored and maintained. In addition, the mine equipment deteriorates with time leading

to lower equipment efficiencies.

An increase in development openings and production areas result in lower production
efficiencies. Plans must be in place to counter.any change in production output as the mine

expands. In general, when mining operations reach the end of the mine life, productivity

slowly reduces. ) / wams ;g

3.4.6 Quality of Finished Products

iR

3.4.7 Presence of Water

Accumulation of water in working areas uridejfgfrggggiﬁgwers production as more production
input resources (man-hours) are diverted to drain the water. In most cases, this disturbs or
halts production operations until the drainage is complete. As a result, good work practices

must be in place for the mining operations to be done continuously without interruptions.

3.4.8 Quantity of Gases Emitted
The concentration of methane and other noxious or explosive gases in the ambient air affects
the mining operations as production may have to be stopped to ventilate the area sufficiently
to lower the concentrations of the poisonous gases to acceptable levels to ensure the safety
and health of workers. Measures in place to control methane accumulations in

underground mine must be constantly monitored and assessed.

14




3.4.9 Labour Availability and Utilisation

Some of the factors that affect mine productivity are labour utilisation and labour
productivity (Aljuhani, 2002; Neingo and Tholana, 2016). High productivity is attained by
effective management and use of skilled labour. Tumurchudur et al. (2017) list the main
factors that negatively affect labour productivity as mine leadership and management
qualities, technology and equipment factors, job organisation and planning factors, nature
and condition of materials/tools used, safety factors, manpower factors, level of motivation
and workplace environment factors such as changing labour. Prevailing government
regulations (e. g. health and safety regulations) have also been found by researchers to affect

mine productivity.

According to Aljuhani (2002) and Neingo and Tholana (2016) factors influencing labour
utilisation and productivity are late work starts, unsanctioned breaks, sanctioned breaks
away from work, in'mine travels and early quits from work. The non-productive time used
by mine personnel has to be investigated to increase productivity. Other factors that affect
productivity of workers.include the distance to work areas, environmeqtal"conditions in
working areas, work practices, operator’s efficiency and skill level of personnel. The
number of personnel working is determined by the scale of the operainnS and degree of

mechanisation.

Anon. (1998) list the factors that affect labour productivity as labour 'practices, staffing
levels, idle time and equipment operating practices: Staffing levels'is a description of labour
hours worked per total shift hours. Work practices‘ are either operations or processes
performed during production (e.g. fuelling equipment during breaks), ensuring that clean-

up equipment do not halt production operations, etc.

Occupational health and safety factors also affect labour availability and utilisation.
Oxenburg et al. (2004) and Katsuro et al. (2010) state that personal health and safety is tied
to a company’s productivity level at all worksites within the operations of the business
entity. The working conditions affect the workers in achieving the set targets. Poor working
conditions such as use of old and/or wrong equipment may result in workplace injuries
leading to low morale of workers and lower productivity. Work injuries and illnesses result

in lost production and absenteeism leading to increased losses in man-hours. Personnel

15




performing strenuous work impact their health negatively and also results in low production

output.

Katsuro er al. (2010) state that personnel can achieve set targets when the working
conditions are suitable such as provision of appropriate work equipment and having
effective work practices (e.g. controlling hazards quickly at the sources). The employees
also perform better when in good health emotionally and physically thus leading to higher

productivity.

3.5 Production Analysis Methods

Production analysis methods are used to evaluate production operation functions. The
importance of the assessment is to monitor and improve the production operations in terms
of efficiency and effectiveness of the input resources.. Production information or data is
required to assess the operations and without data the efficiency of the system can neither

be determined nor the maximum performance of the system known.

Both quantitative and qualitative methods are used to evaluate production operations. In
quantitative analysis methods, statistical techniques are often employed to give an exact
description of the current state of production from the collecteld data on thé operations.
Statistical evaluations are decision making.tools as they lead ‘to th_e4 establishment of

strategies to monitor and improve the production systems.

3.5.1 Production Process Analysis

Production process analysis is commonly used in production operations to identify
connections between different resources to achieve the production targets within a system
(Timilsina, 2012). In this context, mining production process refers to a combination of
mining operations which may be drilling, blasting, loading, hauling and dumping of ore or

waste.

Also included are mine ancillary operations which complement the main production
operations. The assessment of production process is in terms of equipment performance,
cycle time, labour productivity and production output. The equipment performance

evaluations assess the utilisation and availability of equipment. Cycle time analysis
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investigates a production shift to measure the productive and unproductive time of the

labour and equipment used.

The production process is assessed to identify production constraints to improve the
production output volume utilising available resources. Production process flow chart
design or subdivision units make it easier to assess the full production system by

investigating individual units of the production processes.

3.5.2 Reliability Analysis of Mine Production System

Reliability analysis is the assessment of production inputs and processes to determine
consistency of production resources utilisation. If any unit is not working efficiently, this
may reduce the efficiency of the entire production system (Kumar and Huang, 1993). The
results of the reliability analysis must be at an acceptable level to achieve the defined annual

production capacity.

A study by Kumar and Huang (1993) on reliability analysis of mine production systems
using sublevel caving.method.for iron extraction subdivided the production system into
three integrated operations which are ore availability and access, the loadmg process and
capacity of the materials handling systems. The factors affecting the three systems were
studied and the critical production components identified. Individual performance analysis
were performed on the critical components to enhance the productlon system using a model
computation analysis method that was developed. The detenmnants of productlon efficiency
identified in the study included borehole"stability, geotechnlcal operator’s availability,

machine maintainability, power and ventilation.

3.5.3 Overall Equipment Effectiveness

The overall equipment effectiveness (OEE) of a machine is the product of its operational
availability, utilisation of the availability, its productivity and quality of operation (Fourie,
2016). OEE is a measurement method used in the manufacturing industry and adapted in
the mining industry by Elevli and Elevli (2010). OEE is expressed mathematically by
equation (2):

OEE=A,x U, X Px Q | @)

where: Ay = availability of equipment
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U, = utilisation level of available equipment
P = equipment productivity

Q = quality of work performed by equipment

OEE applies to planned production time. However, scheduled time losses are not included.
The method combines equipment availability, performance and quality for the evaluation of
equipment effectiveness. Availability of unit equipment in a mine determines the machine’s
operational time, which is the actual time worked by the machine or system (with no
unplanned or planned interruptions) as a percent of the total planned production time.
Equipment performance indicates the machine speed level and compares it with the normal

operational speed set for the mining equipment.

The method evaluates common and important time losses in the unit production processes
which are equipment down time losses, time losses due to defects on the equipment and
speed losses. The results of the assessment are.compared with the benchmark values and if
the values obtained are below the benchmark values, the system must be assessed for

improvement.

Studies on the effectiveness of equipment usuallyvidentify the possible" é@duction time
losses for mining equipment and classify. them as non-scheduled time, scheduled and
unscheduled maintenance times, setup and adjustment time, idle time w1thout an operator,
loader waiting time, loading fime loss, time losses dueito job coﬁdi_tiifi;s, speed loss and

quality loss. A e

3.5.4 Multi-Linear Regression Analysis

Multiple linear regression analysis is a predictive technique that establishes a correlation
between a dependent variable and independent variable(s) in any function where the
assumptions of the method are met such as a linear relationship exists between variables and

the regression residuals are normally distributed (Anon., 2019b).

The method models a relationship between two or more independent variables and a
dependent (response) variable by fitting a linear equation to the observed data (Anon.,

2019¢c). Any value of the independent variable is associated with a certain value of the

dependent variable. The method quantifies possible changes that may be affected in a o
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function by increasing or decreasing an independent variable to achieve a set target by

establishing deviations when a unit input changes.

The technique simply correlates function inputs to a function output in production
operations. The method applies to a production function where the production output is
influenced by productivity factors. A correlation between factors affecting productivity
(explanatory variables) and production output (response variable) can be established by

multi-linear regression analysis.

Various researchers have shown that machine availability and utilisation affect a mine’s
production output. So, these factors can be set as independent variables while the machine
output or production output will be the dependent variable in the regression analysis. Multi-
linear regression analysis can be used to assess the production variables and yield results by

comparing all factors that affect the production output (Lanke et al., 2016).

3.5.5 Machine Utilisation, Availability and Capacity Analysis

In general, the performance of any mining equipment depends on thet machine’s rated
capacity, utilisation and availability. A study of equipment utlhsatlon, avallablllty and
analysis of contributing factors helps in improving the overall eqmpment performance
Computation of equipment utilisation and avallablhty as percentages is done by developing
proper feedback and defining terms or factors relating to mining eqqument. From the
production system, data on equipment operating hours and other factors influencing
equipment performance is collected to determine the equipment production efficiency and
overall efficiency of the production system. Overall equipment éfﬁciency is the product of

machine’s production efficiency and utilisation (Arputharaj, 2012).

The performance of a production system applied in mining is dependent on the availability
and utilisation of mine equipment employed (Arputharaj, 2012). Data on equipment
availability and utilisation show the significant influence of equipment (e.g. shuttle car, CM
and conveyor belt) on production output. Data required for this analysis include equipment
repair, break down, idle and working hours. Graphs of production volume output and
equipment availability and utilisation help to establish the relations between production
function and changes in equipment use. It means that changes in production output or the

rate can be deduced from variations in machine availability and utilisation. The monthly
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operating hours lost due to equipment failure or breakdown also indicate the volume of
production lost (i.e. lost coal tonnage). It means that the daily equipment production index

target, which is a ratio of the actual and planned production of machines, is not met.

For any machine, load moved, rate of production for a shift period and variation of loads
from the budgeted daily production capacity can be computed in relation to production
performance. Negative differences between the actual and budgeted daily machine capacity

index show a decrease in production.

Graphs of the factors that affect availability and utilisation of equipment can be drawn and
measures taken to improve the underground mining system performance based on listed

factors.

Machine availability and utilisation can be calculated using equations (3) and (4)
respectively:

Equipment Availability (EQA) =

: e . MFOT
Equipment Utilisation (EQU)— MTBM 5
where: MTBM = Mean Time Between Proactive Maintenance (e.g. corrective and

preventive maintenance)
MDT = Mean Down Time

MFOT = Mean Fully Operational Time

Equation (4) can either be represented as a ratio of actual hours of work per scheduled shift

hours or actual hours of work per machine available hours.

Equipment availability (EQA) can also be computed as the ratio of equipment uptnine !
total work period excluding time lost due to uncontrollable events such as powt
outages as shown in equation (5): ‘ :

_ [(WT — UET) — (UMT + SMT + OPT) _ {1 _ (UMT + SMT + OPT)
P { (WT - UET) } {t (WT — UET)




Equipment utilisation (EQU) can also be computed as the difference between the total work
time and equipment downtime and lost time divided by work time as expressed

mathematically in equation (6):

WT — (UMT + SMT + OPT + CTL + STL + OTD)
EQU =
WT
o2 (UMT + SMT + OPT + CTL + STL + OTD)
=11-— - (6)

Equipment down time refers to consequential time lost, standby time and operational delay

lost time or refers to unscheduled and scheduled maintenance and operational delays time.

Equipment engineering availability (ENA) is the sum of the difference between work time
and equipment downtime and uncontrollable events time divided by work time excluding

uncontrollable events period (sée equation 7): _
WT - (UET + UMT+SMT)} S TG _ame
TED . . SR Y

ENA = { )

Machine utilisation may be high durmg-ail _-.__ gﬁle\‘;(g'é:‘,i‘;'ﬁ‘}) e total shift production output is

low due to prolonged maintenance period or frequent equipment breakdowns in a shift. The

equipment mean time to failure and mean time to repair changes affect maintenance
performance. The standard times for MCM equipment maintenance are observed for
reactive and proactive maintenance. These times give the maintenance reliability pbriqd‘
which all maintenance duration must be equal to or less than, i.e. a constant mean time.,'_An

evaluation will show the state of maintenance and its impact on production volume

production output and time can be established.




3.5.6 Labour Performance Analysis

Labour performance, also known as labour’s utilisation and labour’s productivity, is
evaluated as a ratio of production output to labour input i.e. production output volume
divided by the total number of employees or work hours. Labour performance can also be

evaluated using labour utilisation and productivity.

Labour utilisation is computed as a percentage of the time the workforce is available for
productive work during a scheduled working period while labour productivity is evaluated
as the percentage of time that the workforce or individual workers are at the worksite with
tools performing productive work (Aljuhani, 2002). Labour utilisation analysis includes
investigation of non-productive time by workers, identifying the causes of non-productive
time and developing measures to reduce wasted tlme The starting and end time, time to
travel to and from work areas, and work breaks txmes (whether planned or unplanned) can
be used to express labour lost time. That is the hours lost and the actual hours worked can
be computed. As a result, a relation between. productlon volume or rate against labour

productivity and time can be established.

3.5.7 Failure Rate Analysis

measure can help in identifying and mvestlgahggvthe@ uses:of failure to limit the equipment
failures or breakdown experienced and work incidents that halt production. Also, priority
areas for improvement can be established and provision of backup equipment made where

the mean time to repair and mean time between failure of equipment are known for a certain

period in a year.

According to Bialy (2017) the analysis of an asset failure frequency of mining equipment_ &
or conveyor belt can be investigated using statistical control measures such as the Pareto-
Lorenz diagram. The diagram depicts the root causes of the failures experienced

incidence occurring in a clear and simple graphical illustration. The Pareto diagram



on the principle which states that 80% of the problems encountered is due to 20% root causes

of an effect.

3.5.8 Total Productive Maintenance Strategy (TPMS)

TPMS optimises production by engaging all personnel to lead in work operations to increase
the operation’s effectiveness and production efficiency. The application strategy minimises
or eliminates production failures, unplanned downtimes through process improvement,

monitoring of machines and ensuring preventative maintenance.

3.6 Identifying Constraints in Mining Production Process

The methods used to find bottlenecks in a production process are cause-effect techniques,
why principles analysis, flow charts or process subdivision unit’s analysis and theory of
constraints. These rﬁethods are applicable in the evaluation of a production process
(Timilsina, 2012). Simulation of a production system is another technique used to identify
production bottlenecks or constraints. The constraints often léad to failure to achieve the set
production targets. Production evaluation methods are applicable in identifying the root

causes of a mine production:problem.

3.6.1 Cause and Effect Technique

oy

Cause and effect analysis is used to evaluate.a production process by 'ic'l.gh:tifying the root
causes of problems encountered.in the mining production opera'tionﬁ, Thé method provides
a systematic visualisation of the production bottlenecks or constraints, causes and effects

using a schematic diagram (Watson, 2004)..

The causes and effects schematic diagram shown in Figure 2 illustrates the correlation
between production effect (problem) and the causes of the effects occurring. It also makes
it easy for production analysis as those evaluating the production view the entire production
system in a simplified form. The analysis establishes areas where data must be collected to

correct the effects or a problem (Roy, 1995; Ciocoiu et al., 2010).

Identification of factors causing production inefficiency and their analysis helps in
designing effective solutions to increase and sustain production efficiency/capacity. The
technique is mainly significant in identifying the root causes of a production effect or

problem but fails to measure the magnitude of the root causes. So other analytical methdds
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must be utilised to measure the degree of the root causes. According to Watson (2004) the
techniques fail to correlate the root causes to each other, but it is vital as it can identify the

root causes of a production problem.

& Primary Causes

MAN MACHINE A Tertiary
( Sub-Cause“" Causes
Cause _.- __-:\-: -:::‘ Secondary
Sub-Cause”~ *—‘“T( Cause Y™ Causes
Cause. = Sub-Cause
PROBLEM
or EFFECT
st T - Sub-Cause
Sub-Cause ~ - G
Cause Pl
Sub-Cause

MATERIAL METHOD

The design of a flow chart fora mmmg product:oqpperation clﬁ‘ssnf‘ ning processes
into distinct sub-processes. Indlvxdual analyS|s of thes ub-processe duces the number
of factors that contribute to the vanatlon in the process and i impra duction output
(Parmar and Deshpande, 2014) T he tlm for each process can e nown and any
variations in process operatlons entire system can be
easily identified and failure rat the causes of failure
and correct the operation’s perfo?iﬁ" e the"proce traints can be investigated,

and corrective measures implemented to ac ieve the planned production.
3.6.3 Why Principles 8
Cause effect analysis can be used in combination with the why principle tgchnique‘ The

causes of the effect or problem as depicted in a cause and effect diagram are evdluaté

of the effect. For effective application of the technique, an accurate statem
must be established and a clear assessment of the most probable root



measures to correct the production effects (Serrat, 2014). The root causes of production
problems must be quantified through data collection and analysis using appropriate
statistical and analytical methods. The why principle technique fails to quantify the

production problems. Hence, appropriate statistical and analytical methods are used.

3.6.4 Simulation of Production System

Simulation of a mining production system is an effective way to assess the constraints,
problems and bottlenecks in the operating system to achieve an efficient system (Mahieu,
2017). Simulation of mining systems can be performed in distinct mining operations such
as mine planning, production scheduling and materials handling using discrete event or

continuous event simulation.

Simulation assesses the effectiveness and efficiency of'an operating process to develop and
propose the solutions to problems encountered within the system. The method models a
more realistic or accurate production system'and data is fed or downloaded into the model
to simulate a realistic behaviour of the system. The parameters can be altered to give
effective and efficient operations through trials or different combinationiof production input

resources without changing the physical system or'interfering in its--operdt_iéﬁs’L
: Ve - B

3.6.5 Theory of Constraints : i

Theory of Constraints (ToC) is.a production assessment method that i used to improve
profitability, efficiency and effectiveness of préducti_oﬁ 6p§|jatiqns through the identification
of constraints in a production flow.process which cod!d_'.be'ggyi'ip'!j)eﬁi utilisation, number of
skilled labour, etc. (Mathu, 2014). In a min‘ihg'"pr'ddhctién; ToC can be applied to mining
processes such as ore fragmentation, overburden removal, materials handling and mineral
processing operations to eliminate the constraints or minimise the effects of the constraints
on production. The method is helpful in production scheduling as scheduling problems can

be easily fixed.

Elimination of the bottlenecks or constraints on mine operations leads to an increase in

production capacity and productivity. The bottlenecks or constraints can be eliminated by

following a five-step process namely (Timilsina, 2012):
1) Identification of production constraints.

2) Exploitation of the production constraints.
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3) Subordinate non-constraints to exploitation decision.
4) Elevate the constraint.

5) Repeat the above steps.

3.6.6 Relative Importance Index (RII)

RII'is a relative measure, weighing the factors affecting a specific function. The study
involves participants who work or are experts in a subject field to rate the factors affecting
a function according to their perception (Tumurchudur et al., 2017). The measurement
indicator establishes the major and minor significant impact factors on a function to focus

on developing corrective measures/practices at the current period of study.

3.7 Selection of Statistical and Analytical Methods

Statistical methods refer to a group of linked processes performed in a study to give a
meaningful explanation of data and publish/report the findings. The processes include study
planning, collection of data and interpretation of data (Ali and Bhaskar, 2016).

Data collection is an integral.part for assesSing production operations:andiits:analysis gives
a direction or guidance to set corrective measures. Poor data collection leads‘to a low degree
of confidence in the statistical analysis which when apphed gives mappl:opmate corrective

measures (Ridzuan and Wan Zamon 2019)-Tf there is no data or shortage of data,

production operations cannot be evaluated for any lmprovement and[o qptlmlsatlon.

Statistical analysis provides descrlptlve and mferentlal statlstxos, Déé'i:riptive statistics show
central tendency and spread measures in productlon ﬁgures (data variations). Statistical
analysis indicate the direction, change rate and consistency of production output in case of
underground coal mine production evaluation. Planning for data analysis includes
determination of data type, data period or length, data collection and analysis methods. Data
variation signifies changes in production over a period observed in comparison to set
production targets. Also, data cleansing is of importance to ensure that inaccurate and
incomplete records or figures are removed from the data records before the analysis. Data

cleansing leads to a high degree of confidence in statistical analysis.

Statistical and analytical methods result in having values for production output changes per
resource use or due to factors that affect production. Factors influencing production can be :
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quantified e.g. utilisation and efficiency level of either equipment or labour. In simple terms,
the analysis shows a casual effect between production variables. This is known as
correlation of production variables (Rao, 2007). Also, it establishes the causes and effect

relationship between the variables which is known as regression analysis.

The distinction between correlation and regression analysis is that the former establishes
direction and degrees of association between variables while the latter expresses a cause and
effect relationship between independent factors and a dependent factor. Correlation analysis

does not establish the causes and effects (Zaid, 2015).

From the data collected, the impact or magnitude of production variables or factors on
production can be significantly measured, corrective measures and effective practices set to
improve production. This can be used to solve problems that result in negative production
variance. The measures and practices taken guide a mining entity on how to distribute their

investment capital or resources to improve production volume output or resource utilisation.

In determining the strength.of the correlation, Pearson’s coefﬁclent is computed Pearson's

correlation coefficient (r) is a measure of the strength of the aSSOOlﬂthl‘l: t}veen the two

variables. The correlation value of Pearson’s coefficient ranges from -_l';; qto: (Zaid, 2015).

§ . ; 3 “‘J \,1;}' 2 $
Pearson’s coefficient between various production factors is calculate‘d to show the direction

and strengths of the relatlonshlps Strength of assocnatlon estabh . the degree of

relationship between the parameters i.e. whether there ls strong, w , moderate, direct or

indirect correlation or no correlation at all. The values of Pearso_f ‘correlation coefficients
show both direction and strength of assocratlon A posxtwe value shows a positive direction
and direct relationship between variables while a negative value shows a negative

correlation and an indirect relationship between the variables.

Coefficient values ranging from -1 to 0 signify an indirect or negative correlation while
values from 0 to 1 signify direct/positive correlations. Strong direct or indirect correlation
means the Pearson’s coefficient value is very close to or equal to | or -1. Meaning a change
on one variable shows a more significant change on the other variable. A correlation value
of zero means no correlation and all coefficient values very close to zero mean very weak
correlations. A moderate correlation is signified by a mid-value or values close to mid-value :

in Pearson’s coefTicient scale either for direct or indirect relationship.
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To quantify the changes in independent variables by a unit or influence on production
output, inferential statistics using regression analysis is performed to determine the changes
in production, in terms of volume, caused by an independent variable’s performance. The
method follows steps which determine the direction and degree of association between
variables, plotting trendlines of data and computing the percentage changes between

independent variables and dependent variables.

SPSS Statistical package has a regression data analysis function. A square of Pearson’s
coefficient gives a determination coefficient value (rx)’ in regression analysis, which
indicates the percent change of production performance by the observed variable.
Regression analysis can be performed as either simple regression or multi-regression.

Simple regressnon analys:s deduces the value of the impact of individual factors on the

@®)

where: Y = Dependent v )
g )\

Bo = Independent varia

B1, B2and B3 = Regr Si(

= Error term




Normality: Error must be normally distributed.

4. Homoscedasticity: Error values (also known as residuals) for independent variables
must be equal (same variance). Residuals/error values refer to a variation between
observed/measured and predicted value of a dependent variable.

5. No multicollinearity: Independent variables must not be highly correlated. If
variables are highly correlated, the analysis outcome will result in variance results
inconsistency between independent variables.

6. No autocorrection: Residuals must be independent of one another.
When assumptions are met, there is a high degree of confidence in the results. MATLAB
and other statistical software’s perform regression functions for linear and nonlinear

regression.

Figure 3 shows the detailed methodology that was used in the study at MCM.

; Identify factors
Analyse Production
Collect data »| causing production
Variances variance
Identify root causes
for suboptimal
performance
\ /
Perform inferential statistics
between factors and production
performance
; Establish
Classify fzu:‘;ordsi corredlionall
»{impact r:'.\n production improvements
barman measures

Figure 3 Flow Chart of Study at MCM

3.8 Mining Productivity Growth Benefits
Mining productivity growth refers to improving mining production performance utllismg ‘

available input resources (e.g. equipment and labour). In maximising productivity, these ;
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resources produce additional outputs without even increasing their volume or operation time
by using them effectively and efficiently. As a result, the efficiency or performance of the
mining process and operation is increased. Mining systems are integrated and any
operation/process improvement is performed to ensure that the entire system is optimised.
Also, productivity growth in mining brings better working conditions and labour efficiency

is increased and the mining entity earns higher financial returns (Anon., 2014).

3.9 Productivity Improvement Technologies in Mining

Technological advancements maximise production as it offers computation of large data
using advanced statistics, integration of mine processes, real-time production monitoring,
predictive models for equipment failure and ground monitoring systems (Durrant-Whyte et
al., 2015).

Failure prediction. models forecast system/equipment reliability period before failure.
Failure predictive systems can be used by mines in-thgir proactive equipment maintenance
programmes. A plan may be derived'to ensure the smooth running/of a system of operations
at the expected failure period.either through switching of equipmentioriservicing system
before the expected failure time. This avoids ceasing of the operation whiCh'may cause a
negative production variation from the set volumetargets. This_ x'rgin‘im"ises reactive
maintenance which may cause a stdppage of prbduction processes. Prodhction system
integration links production processes and any changes/faults are .shown on the system’s
digital platforms for an immediate response.(€.g. the location of moving machinery is shown
and easily monitored). Real-time system monito;ir_lg and control is,done through automation

of operations.

Process integration and optimisation measures improve mining activities such as drilling
and blasting, flotation processes and comminution concerning the entire mining operations
(Valery et al., 2011). The method follows a few steps such as site visits to perform main
mining process audits, ground characterisation and measurement to develop a mine’s
specific model to improve the entire mining operation. The model is tested before
implementation through simulations to obtain increased production output for the entire
production. Mining productivity growth technologies lead to cost reduction in the

operations, increased production performance and improved overall production efficiency.
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CHAPTER 4

DATA COLLECTION AND ANALYSIS

4 INTRODUCTION
This chapter contains the data collection methodology, data analysis and discussions on the

study findings.

4.1 Data Collection
Data was collected mostly from mine records and reports (primary data sources).

Quantitative and qualitative techniques were used in analysing the data in this Chapter.

4.1.1 Field Work

Several trips were undertaken to MCM for familiarisation with-the mine’s production
operations and processes. Through mine visits; production scale was established i.e. the
planned shift output volumes, duration of shifts, number of shifts in a day, number and type
of equipment used in the mine, the rated daily capacities of the machines and number of

underground personnel per shift or section.

4.1.2 Viewing and Retrieving of Mine Records :

Primary data recorded by mine officials at production sections was collected and used to
assess the operational performance of the mine. Data obtained during the study included
planned and achieved production ‘outputs, ,mﬂachin_e “availability reports, equipment
maintenance and production operatiohal repofts. The records include machine downtimes,

idle times and fully operational hours.

4.1.3 Consultations and Interviews

Discussions with mine officials were held to get first-hand information about the mining
operations and processes. Through consultations, production parameters and mine
production key performance indicators were established. The mining teams typically record

the production output and all delays in the operations during the shifts in logbooks and these

are kept as part of the mine’s operational reports.
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4.2 Data Analysis
Statistical methods were used to analyse the mine’s operational data to determine yearly and
shift production variances and the impact of resources used on the mine’s productivity. In

the data analysis, production variants and cause-effect of production changes were
identified.

4.2.1 Production Data Variance

Figure 4 shows the yearly actual and planned production outputs from 2015 to 2020. It
shows that the planned production targets were never met in the years 20135, 2016, 2019 and
2020 but were met in only in 2017 and 2018. The descriptive data for the actual production
performance (in tonnage) is summarised in Table 1. The lowest production of 1,827,982 t
was in 2019 while the highest production of 2,48,2311.61 t was achieved in 2018.
Production was fluctuating from 2015 to 2020. The production targets for the observed
period varied from 1,913,830.04 t in 2017 to 2,766,955 t in 2015. Production targets varied
through the years. The mean production over the peribd from' 2015 to 2020 was
2,067,320.80 t.
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Figure 4 Actual and Planned Production Performance from 201S to 2020
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Table 1 Descriptive Statistic for Production Performance

Feature Mean Minimum | Maximum Range Standard Sum
t) (t) (t) (t) Deviation (t)
®

Production | 2,067,320.80 | 1,827,982 | 2,482,311.61 | 654,329.61 | 244,715.45 | 12,403,924.82
Output

Figure 5 shows the percent variances between actual and targeted production from 2015 to
2020. From Figure 5, the difference between actual and targeted production values varied
from -26.85% in 2019 to 14.81% in 2017.
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Figure 5 Yearly Production Variance 2015 t0 2020
Figure 6 shows the cumulative production statistics for actual and planned production values
from 2015 to 2020. From Figure 6, the difference between actual and planned production
values progressively fluctuated from 2015 to 2020. The difference between cumulative
actual and planned production was generally minimal throughout the period. But production
variance was still negative as the mine failed to meet most of its production targets during
the period. The total tonnage mined during the 6 years was 12,403,924.82 t against a targeted
production of 13,618,379.31 t. This represents a negative production variance of 8.92% over
the six years. The production targets were not achieved during the period even though
production operations were carried out in all the 3 shifts including night shifts which are
usually reserved for maintenance services.
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Figure 6 Cumulative Actual and Planned Production Output from 2015 to 2020

4.2.2 Variance in Shift Data

MCM operates three-shifts;per.day production schedule during the week and one shift on
Saturdays. In a three-shift system, operating performance may e’ithér yziry_gor the work
assignment may be distinct. Some underground mines blast during them'omitfg shifts while
the loading of ore and ancillary operations.are done during the aﬂemqoq"arid night shifts.
The production operations at MCM are the same during the momigg ahd";lﬂemoon shifts

while the night shifts are usually reserved for eéquipment maintenance: 4

Figure 7 shows the total yearly prodﬁction during the n-llomin'g,vaﬂemoon and night shifts (it
includes data from the weekend shifts) from 2017 to 2020. The daily target production per
shift varied monthly and yearly over the period of study. It can be observed that higher

production outputs were generally achieved during the morning shifts than in the afternoon

and night shifts.

Night shifts are usually reserved for the maintenance of underground equipment but
occasionally some minimal production is done during the night shifts to complement the
production from morning and afternoon shifts so as to achieve the production target during

weekdays as during the weekend there is only one day shift on Saturday. In 2017 and 2018
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the production targets were achieved and these years had high shift outputs compared to

2019 and 2020 which had negative production variances due to lower shift outputs.
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Figure 7 Overall Shift Performance from 2017 to 2020

Figure 8 shows the yearly production during the 3 shifts andithe nUmlbér'qf..shiﬁs operated
per year. It is noted that the yearly shift counts varied.over the period from 277 shifts in
2018 to 280.4 shifts in 2020. Though'the number of shifts per year increased from 2018 to
2020 the production targets were not met in those years.“Thé ﬁighest production output was

achieved only in 2018 though it had the lowest number of shifts (see Figure 8).

There were an average 278.9 shifts per year over the 6 years. The highest number of
production shifts were recorded in 2020 but the actual production was lower than the other
years except for 2019. In 2017 and 2018, the planned production was achieved though these

years had the lowest shift counts.
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4.2.3 Equipment Performance .

The performance of critical underground production equnpment can be assessed using
equipment availability (EQA), engmeermg avallablllty (ENA) and. equnpment utilisation
(EQU). As already mentioned, MCM has fouroperating sectlons and each Sectlon has one
CM, a roof bolter and feeder. breaker, a load centre, two Load Haul. Dump,(LHD) machines
and three shuttle cars. Assessment of the production equipment was dbhé on the 4 CMs, 12

shuttle cars, 4 roof bolters, 4 feeder breakers, 4 séstion conveyor belts and 4 loading centres.

Figure 9 shows the yearly equipment availabilities from 2017 to 2020 while Table 2 shows
the details of the equipment availabilities. The EQA threshold and stretch targets at MCM
are 85.0% and 90.0% respectively for all equipment.

From Figure 9, the availabilities of the shuttle cars varied from 84.0% to 92.0%. The
threshold target availabilities of the shuttle cars were achieved in 2017, 2018 and 2020. The
availabilities of shuttle cars were below the targets in 2019. The availabilities of continuous

miners during the period varied from 79.5% to 92.2%. The continuous miners achieved the

threshold target only in 2017.
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Figure 9 Equipment Availability (EQA;) fr_()m 2017 to 2020

Table 2 Descriptive Data on Equipmént Availabilities

Feature Mean | Minimum | Maximum Staﬁdard Variance | Range

(%) (%) (%) | Deviation (%) | = (%) (%)
CMs 8448 | 795 922 ssa | a0m | 127
Shuttle cars 8783 | 840 | 920 336 W A1 | 80
Roof bolters 9488 | 93.1 074 b QP AW 330 | 43
Feed breakers 96.60 | .95 98.1 104 108 | 24
Conveyorsystems | 9475 | 4wl SOsIu=griis 008 | 10
Load centres 9985 | 997 | 999 | 0.0 001 | 02

Feeder breakers, conveyor belt systems, load centres and roof bolters achieved their
threshold and stretch targets over the period from 2017 to 2020 and their average values
were above 94.0% (see Figure 9). Over the same period, the average values for CMs and

shuttle cars were below 88.0%. Thus, the equipment with low availabilities were CMs and

shuttle cars.
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Figure 10 shows equipment engineering availabilities (ENAs) from 2017 to 2020 while the
descriptive data for ENAs is summarised in Table 3. The threshold target for equipment

engineering availability at MCM is 85.0%.
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Figure 10 Equipment Engineering Availability from 20}'7 tQ*?éZO

Table 3 Summary of Equipment Engineering Availabilities:

Feature Mean | Minimum | Maximum Standard | Variance | Range
(%) @) | (%) .. |Deviation(%)| (%) (%)

CMs 87.34 843 : 922wl 3.72 13.83 7.9

Shuttle cars | 88.00 83.5 9770 A | A TS1 1233 | 85

Roof bolters 94.75 93.2 97.4 1.83 3.35 42

Feed 96.70 95.9 98.1 0.97 0.93 22

breakers

Conveyor 96.00 95.1 98.0 1.34 1.80 29

Systems

Load Centres [ 99.83 99.7 99.9 0.10 0.01 0.2

The feeder breakers, conveyor belt systems, roof bolters and load centres achieved their set

yearly threshold targets during the period and recorded equipment engineering availabilities
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>93.0% during the period. The engineering availabilities of the CMs ranged from 84.3% to
92.2% during the period. Thus, the engineering availabilities of the CMs exceeded the
threshold target only in 2017 and 2020. The engineering availabilities of shuttle cars varied
from 83.5% to 92.0% meaning that the shuttle cars exceeded the threshold targets of their
engineering availabilities in 2017, 2018 and 2020.

Over the period, the average engineering availabilities of the continuous miners and shuttle
cars were 87.34% and 88.0% respectively. However, the average engineering availabilities

of the roof bolters, conveyor belt systems and feeder breakers were all above 94.0%.

From the equipment and engineering availabilities evaluation, CMs and shuttle cars were
the lowest available equipment in the fleet of production equipment and are the only
equipment that did not achieve the threshold targets of equipment and engineering
availabilities from 2017 to 2020. This was due to numerous mechanical, electrical and
hydraulic fluid flow problems. These are the cause-effect for prdduction losses and resulted
in equipment unscheduled maintenance/unplanned * downtime, operational and
consequential time delays and.losses as well as equipment scheduled:maintenance time
losses. | &

The CMs experienced problems such as_cutter motor trips, thermall:-i?'yérloads, water
circulation failure, faulty methane sensors, draining out of'oil which ié miked with water,
defective aerial lights, voltage circuit breakers, cutter shear downt'it‘ﬁes, loose signals
frequently, broken conveyor cylinders and chains, burst hydraulic hoses and failing to
engage the pump. s ol
The shuttle cars had problems such as defective aerial lights due to voltage open circuit
breaker, faulty pump relays which fail to engage the pumps, tripping when the fan is
engaged, defective valve banks, conveyor chain jams and faulty variable frequency drives,
broken steering cylinders, hard steering and driveshaft bends, broken steering knuckles and
failure to turn, uninstalled canopies and worn out tyres, broken prop shaft bolts, defective
wheel units and machine re-hosing, faulty door interlock switches, defective propeller

shafts, defective take-up shafts and binding brakes, broken conveyor chain and broken

tensioning bolts.

39




Figures 11 and 12 show the yearly production versus the equipment availabilities of the
CMs and shuttle cars from 2017 to 2020. Production output increased from 2017 to 2018
though both the equipment and engineering availabilities of the CMs and shuttle cars
declined over the period. There was a drop in production in 2019. Production increased from
2019 to 2020 together with the equipment and engineering availabilities of both the CMs
and shuttle cars. There were varying correlations between the equipment and engineering
availabilities of the CMs and shuttle cars with production performance. Performance

improvement of these variables could lead to achieving optimum production performance.
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Total run hours
Number of breakdown occurrences

MTBF =

Total downtime hours :
Number of breakdown occurrences

MTTR =




failure for all equipment are set at 36 and 40 run hours (i.e. the equipment run time per

breakdown occurrence).

160.0

140.0

120.0

100.0
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=
o

2017 2018 2019 2020

Year
mmmm Continuous Miners s Shuttle cars s Feed breakers

Roof bolters mmmmn Conveyor system s Load centres

Total Run Hours/Breakdown Occurrence

= @ -Threshold target = @ - Stretch target

From Figure 13, the mean time between .failuréé' of feeder bre: , toof bolters, load
centres, conveyor belt systems and shuttle cars were all con ;t“e above the set threshold

breakdown. This means that the CMs break down more frequently than the other types of
machinery. This is evidenced by the low run hours which were persistently less than the set

threshold target from 2017 to 2020.

The mean time between failure of CMs ranged from 22.3 hr to 34.4 hr. The average MTBF
of CMs over the period was 25.7 running hours per break down. CMs have low MTBF :
values due to their frequent breakdowns. The shuttle cars and feeder breakers had Ic
MTBEF values of 49.4 hr. and 66.5 hr respectively. However, the MTBF values of the

equipment were > 48 hours (two days).
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Figure 14 shows the yearly equipment Mean Time to Repair (MTTR) values for shuttle cars,
CMs, feeder breakers, load centres and roof bolters from 2017 to 2020. The mean time to
repair threshold and stretch targets are set at 3 hr and 4 hr respectively. From Figure 14, the
average mean time to repair of shuttle cars is 3.7 hours which is higher than the MTTR
threshold target of 3 hours. It means that shuttle cars have high downtimes per breakdown

and low operational uptimes.

8.0

Total Downtime Hours/breakdown Occurrence

Year
mmmmm Continuous Miners = Shuttle cars mumn Feed breakers
mmmmn Roof bolters mmmmn Conveyor system s Load centres
= @ - Threshold target -0 - Stretch larget
7@,9'*‘“‘

Figure 14 Equipment Mean Tlme to Repalr from 2017 to 2020

The average downtimes per breakdown occurrences for CMs, feeder breakers, load centres,
conveyor belts and roof bolters are 1.7 hr, 0.5 hr, 1.1 hr, 0.6 hr and 1.3 hr respectively.
Feeder breakers, CMs, conveyor belts, roof bolters and load centres have values which are

less than the set MTTR threshold target. Such equipment can be serviced in less than 3 hours
and have high equipment and engineering availabilities except for CMs. Also shuttle cars
had low EQA and ENA. This appears to account for the monthly and yearly negatlve:_

production outputs at the mine over the years.
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Maintenance mix is a measure of the effectiveness of the established maintenance
programme using proactive and reactive maintenance to have high equipment MTBF and
lower equipment MTTR values (i.e. to maximise equipment uptime). Figure 15 shows the

maintenance mix of underground inbye assets from 2018 to 2020.
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Figure 15 Maintenance Mix atUnderground Inbye from 2018 o 2020
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From 2018 to 2020, the proac_tive‘r.n L We er |
they ranged between 84.4% and 91 '

an the set target as

ce averaged 87.4% while

reactive maintenance averaged 12.6% that 87.4% of the equipment
failures/breakdowns were prevented before failure by performing preventative measures.
The proactive maintenance value for 2018 was 94.0%. As a result, the mine had higher
production performance in 2018 than in the other years. From 2018 to 2020 the actual

reactive maintenance performance ranged from 9.0% to 15.7%. There were high reactive

respectively.



4.2.5 Yearly Production Comparison

Annual production comparisons were done by computing the ratio of production to total
shifts worked in each year. Figure 16 shows the production per year and overall production
per shift from 2017 to 2020. The production per shift from 2017 to 2020 varied from 6,547
tto 8,961 t. It can be seen that higher productivities resulted in higher production outputs in
2017 and 2018 - the only years when the threshold production target was achieved. Low
productivities resulted in suboptimal production outputs in 2019 and 2020. Also, it is
observed that productivity fluctuated every year and the production threshold targets were
not met in 2019 and 2020. The production threshold targets were only met when the number
of shifts worked exceeded 7,904 t.
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Figure 16 Production Performance from 2017 to 2020
From 2017 to 2020, the higher production outputs were in 2017 and 2018. This can be

attributed to several factors such as high equipment and engineering availabilities, high

proactive maintenance, low reactive maintenance and enhanced underground inbye

maintenance compliance performance. Also from Figure 16, the trend in production output_ ooy

from 2017 to 2020 indicates that declining production outputs per shift or year were likelyb' ;

due to high reactive maintenance/declining proactive maintenance, low equipme‘pt«‘iéh
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engineering availabilities of CMs and shuttle cars (as evidenced in the 2019 production
data).

Figure 17 shows the maintenance metric for scheduled underground inbye maintenance
compliance (UIMC) from 2017 to 2020. The threshold target is 90.0%. The achieved
compliance over the period were less than the threshold target of 90.0%. The least achieved
compliance of 76.0% was in 2019 while the highest achieved maintenance compliance value
of 88.2% was in 2017. The maintenance variance between the years can be said to be high.
From 2017 to 2019 there was a decline in maintenance compliance by about 12.5%. Many
issued maintenance work orders/services were not completed. There was a slight increase
0f 3.5% in completed maintenance works from 2019 to 2020 but still this lagged behind the
set threshold target of 90.0%. Production targets were met in 2017 and 2018 as the
maintenance compliance values were > 87.1%. Fof lbwe__r compliance values the threshold

production targets were not achieved in 2019'and _2920. -
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(£ 15.7%) recorded over the period. In cases where the proactive maintenance values
exceeded 90.0% as in 2018, the threshold production was achieved. Where there were lower
proactive maintenance values as in 2019 and 2020, the production targets were not met,
Thus low proactive or increased reactive maintenance values resulted in the mine’s

threshold production targets not being met in 2019 and 2020,
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s £l - - - 90.0 —
2.40 el S
80.0
888 8
0 700 @
g 2.20 g
5 600 &
= ]
S 200 500 =
= o
g i d 40.0 %
s 00 8
E 0D
S 160 — Z
& ".;""""_". 10.0 §
1.40 s 0.0
2018 2019 2020
Year

OO0 Production (tonnes) = @ - Proactive Maintenance — @ - Reactive Maintenance

observed by the high issued maintenance work orders low MTBF and high MTTR for some

of the equipment. The shuttle cars had high MTTR durations while the CMs had lower

MTBEF durations. Also, there was an increase in unscheduled maintenance as observed by
the increased reactive maintenance performance cases or decreased preventive maintenance

as the proactive maintenance performance declined (see Figure 18).
4.2.6 Correlation and Regression Analysis

Correlation analysis was performed on factors that affect production performance fro
to 2020 using MATLAB. Few data points were used as the available datg:_v_ygs,;
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of three and fourth years. The 2™-degree polynomial regression was found to be a better fit
for most of the data points. A higher polynomial model was found to overfit the data points.

Figures 19 to 22 show the correlation between the performance of shuttle cars and
production output. The correlation model equations are shown in all the figures including

the R-squared values known as the determination coefficient/explained variation.

26 T T T T e

== Quadratic curve fit
251 &
24+ E

N
(X
:

(o
-
T

113025.5x° + 987613.3x + 3965554

Production (x10G tonnes)
N
N

N

-
©
T

18

Ssia Total Downtime Hours / Bre?wn Oocun'ence
Figure 19 Correlatlon betwee MTTR of e Carsmmn

LY

SR

2.6 T T T T T T T

=.5833.22903)2 + 683177.7405x - 17702683.81
251 R2-q4278 *

N
»H
T

L)
w
.

()
N
T

)
=
T

N

Production (x1 0® tonnes)

Py
©
T

e 50 isnneieivesin 58

Total Run Houts I\Qreakd_‘



2.5

Production (x106 tonnes)
e N N N N
© N - N w S

—_
™

=-10185.8x2 + 1819009.4x - 79003782.9 o
R?=0.1628

1 1 1 1 1 1

1.7
8

86 87 88 89

N
w
T

)
N
T

N
e

Production (x106 tonnes)
N

-
({e]
T

y = - 10003.55252x? + 1789350.54 1x - 77803972.04
R? =0.2852




From Figures 19 to 22, the EQA, ENA, MTTR and MTBF for shuttle cars increased from
start with production up to maximum curve points and after that production was decreasing
with increase in the parameters. Figure 19 shows an increase in production when the MTTR

of shuttle cars increased from 1.77 to 4.35 hours. When MTTR values exceeded 4.35 hr

production output began to decrease. Figure 20 shows that production was increasing from
48.4 to 59 total run hours/breakdown occurrence. However, production was decreasing

directly with total run hours/breakdown occurrence beyond 59 total run hours.

Figure 21 shows an increase in production with EQA for shuttle cars. As the EQA increased
from 83 to 89%, production was also increasing. However, when the EQA was greater than
89% the production began to decrease. The highest production output was achieved at the

maximum curve points for the shuttle cars. There is varying correlation between production

and the metrics of shuttle cars. =
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Table 4 Goodness of Fit Measures

Production Model Variables R-square RMSE
UIMC 0.7740 0.1187
Reactive maintenance 0.7743 0.1176
Proactive maintenance 0.7743 0.1176
EQA of CM 0.7700 0.1197
MTTR of CM 0.5968 0.1585
MTBF of CM 0.3504 0.2012
ENA of CM 0.3302 0.2043
MTBEF of shuttle car 0.4278 0.1888
ENA of shuttle car 0.2852 0.2111
EQA of shuttle car , 0.1628 0.2284
MTTR of shuttle car 0.9636 0.0476

High variation values, high confidence bounds and low standard RMSE mean that the data
points are close to the regression model curve points 5 This mean's‘the difference between
actual data points and regression model curve points lS small (i.e. re81duals are small).
Normalised RMSE values range from 0 to 1. The closer the values are to zero»the better the
model is. Residuals plots for.the regression models i in Flgures 19 to 29 Val"date the models

and the confidence limits for fitted coefficients are 95%.

The variables found to have impacton production performancebymore than 70.00% were
MTTR for shuttle cars (96.36%), EQA forCMs (7700%), ‘maintenance compliance
(77.40%), reactive maintenance (77.43%)" and npro'aLCtii}'é maintenance (77.43%). The
regression model indicates a good fit for MTTR for shuttle cars, EQA for CMs, maintenance

compliance, reactive and proactive maintenance and these variables have a strong strength

of association with production performance.

The variables found to impact production performance by < 70.00% were MTTR for CMs
(59.68%), MTBF for shuttle cars (42.78%), MTBF for CMs (35.04%), ENA for CMs
(33.02%), ENA for shuttle cars (28.52%) and EQA for shuttle cars (16.28%). The regression
model for MTTR for CMs indicate a moderately good fit for R-squared value between
50.00% and 70.00%. The regression models for MTBF for shuttle cars, MTBF CMs, ENA
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for CMs, ENA for shuttle cars and EQA for shuttle cars indicates a low to moderate strength

of association with production for R-squared value < 50.00%.

4.3 DISCUSSIONS
The following trends were observed in the operations at MCM from 2017 to 2020:

I. Production fluctuated from 2017 to 2020 (see Figures 5 and 6). An average
production variance of -8.92% was recorded from 2017 to 2020 with yearly
production variances of 14.81% (2017), 7.66% (2018), -26.85% (2019) and -6.34%
(2020).

2. There were higher production outputs during morning shifts than in the other shifts
(see Figure 7). Production outputs during night shifts were generally minimal and
only meant to supplement the production during morning and afternoon shifts to
meet daily and monthly targets | :

3. The average availabilities of shuttle cars were generally below the set threshold
targets (see Figure 9). Shuttle cars and CMs had the lowest equnpment availabilities
among all equipment from 2017 to 2020.

4. The average engineering avallabllmes of the mining equnpment were above the set

threshold targets (see Figure 10): Only CMs and shuttle cars had lo engineering
availabilities from 2017 to 2020 ;

6. Shuttle cars had high MTTR values whlch means 'etv:_" y' had longer downtimes
per equipment breakdown (see Flgure 14). Shuttle cars exceeded the set minimum
times for a rapid/immediate repair to continue production operations in 2018 and
2019.

7. Reactive maintenance increased from as low as 9.0% in 2018 to 15.7% in 2020
(see Figure 15). Reactive maintenance cases were gradually increasing per year.

8. Production output per shift varied significantly from 2017 to 2020 (see Figure 16).
Higher output per shift were achieved in 2017 and 2018 than in 2019 and 2020.

9. There was a decrease in underground inbye maintenance compliance performance
from 2017 to 2019 and slight increases from 2019 to 2020. Maintenance
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10.

11.

12.

13.

compliance threshold targets were not achieved, and this was due to the increas
issued maintenance work orders over the period (see Figure 17).
Variations/fluctuations in the performance of CMs, shuttle cars and maintenance

performance led to a polynomial and linear relationships between the equipment

availabilities and production output (see Figures 19 to 29).

The reactive and proactive maintenance, EQA for CMs, MTTR for shuttle cars and
maintenance compliance influenced production outputs by 77.00% to 96.36%. This
indicates a good fit for the model and strong correlation between the variables and
production performance.

The MTTR for CMs influenced production performance by 59.68%. This shows a
moderate fit for the regression model and moderate strength of association between

the vaﬁables and production performance.

and MTBF for shuttle cars had

strength of association




CHAPTER 5

CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

It is concluded that:

1.

The equipment availabilities for CMs were low ranging from 79.5% to 92.2% (with
an average of 84.5%) and those for shuttle cars were high (ranging from 84% to
92.0%). The average EQAs of the equipment were higher than their set threshold
targets except for CMs.

The engineering availabilities for CMs and shuttle cars averaged 87.4% and 88.0%
respectively. These were hlgher than thelr set thresho]d targets but were the lowest
performing machmery

The MTTR values for shuttle cars were hlgh (rangmg from 1.9 to 6.9 downtime
hours with an average of 3.7 downtrme hours per breakdo*wn) while the MTTR
values for CMs ranged from 1.1 to 24 downtlme hours ‘with an average of 1.7

downtime hours per breakdown

25.9 with an average of 21.7 runmng hours

There was high reactrve maintenance’ ‘of more than lO"/‘} ecreasing proactive

t0 2020. N _
There were wide variances inthe produc een morning, afternoon

and night shifts. The afternoo lower production outputs than

the morning shifts. Production outputs during night shifts were generally
insignificant but complemented the outputs from the morning and afternoon shifts
to meet the daily and monthly production target.

The EQA and ENA of CMs and shuttle cars were generally low due to mechanical,
fluid flow and electrical faults/breakdowns. ;
The variations in production outputs of CMs and shuttle cars were not directly
proportional to the variations in maintenance performance of shuttle cars and ’
The regression models show a high goodness of fit for reactive and roact
maintenance, MTTR for shuttle cars, EQA for CMs and undergro'
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10.

5.2 Recommendations

From the analysis in this work, it is reccommended that:

1.

maintenance compliance. These variables impacted production performance
significantly by 77.00% to 96.36%. This means that there is a strong correlation
between these variables and production performance.

The MTTR for CMs influenced production output by 59.68%. The MTBF and
ENA for CMs, MTBF, ENA and EQA for shuttle cars impacted production output
by < 50.00%.

The efficiency and effectiveness of shift teams should be measured regularly to
know the contribution of each production team towards the production targets of
the company. This will boost shift performance and improve overall production
perférménce. A7 o
A cofnpixteriségi maintenance

metric analysis. This

system to resbé" d

e

entire production system.

work orders will be reduced.



REFERENCES

Ali, Z. and Bhaskar, B. S. (2016), “Basic Statistical Tools in Research and Data Analysis”,
Indian Journal of Anaesthesia, Vol. 60(54), pp- 662 - 669.

Aljuhani, M. S. M. (2002), “Labours Utilisation and Labours Productivity of a Gold Mine
in Saudi Arabia”, The Journal of The Southern African Institute of Mining and
Metallurgy, Vol. 102(05), pp. 307 - 310.

Anon. (1998), Tasman Pacific Benchmarking the Productivity of Australia, Tasman Asia
Pacific (Pty) Ltd., Canberra, pp. 20 - 68.

Anon. (2014), Increasing Mining Efficiency and Productivity, BS Geovia, Paris, pp. 2.

Anon. (2019a), “Company History”, www.mcm.co.bw/index.php/mem-
content/cid/8/company-history. (Accessed: 29" November, 2018).

Anon. (2019b); “What is Multiple Linear R ion?”, www.statisticssolutions.com/what

(2019), Yale Umversxty,‘ 2 . 997-98/101/linmult.htm.
(Accessed: 6" February, 2019) : . A
Anon. (2021a), “Morupule Coal Mine Lo
(Accessed: 15" May, 2021)
Anon. (2021b), “What is a Fi

Overview”, International

and Food Systems, pp- 536 - 543. :
Bialy, W. (2017), “Application of Quality Management Tools for Evalua'tilig"f h

2 7‘_;'7;1'» V/,;.,


http://www.stat.yale.edu/Courses/1997-98/101/linmult.htm
http://www.google.com/maps/place/Morupule
http://www.mcm.co.bw/index.php/mcm-

Publications Office of the European Union, Luxembourg, pp. 1 - 189.

Durrant-Whyte, H., Geraghty, R., Pujol, F. and Sellschop, R. (2015), “How Digital
Innovation Can Improve Mining Productivity”, McKinsey and Company Insights,
Sydney, pp. 1 - 13.

Elevli, S. and Elevli, B. (2010), “Performance Measurement of Mining Equipment by
Utilising OEE Performance”, Mining Engineering, Vol. 15, pp. 95 - 101.

Ernst and Young (2014), “Productivity in Mining: Now Comes the Hard Part, Global
Survey”, www.ey.com/Publication/vwLUAssets/EY-productivity-in-mining-now-
comes-the-hard-part/$FILE/EY, pp. 1 - 20. (Accessed: 18" November, 2018).

Fourie, H. (2016), “Improvement in the Overall Efficiency of Mining Equipment: A Case
Study”, The Journal of the Southern African Institute of Mining and Metallurgy, Vol.
116, pp. 8 - 11.

Fried, H. O., Lovell, C. A. K. and Schmidt, S. S. (2008), The Measurement of Productive
Efficiency and Productivity Growth, Oxford University Press, New York, pp. 2 - 19.

Hall, B. and Hall, A. (2015), “The Role of Mine Plahning in High Performance”, dusIMM
Bulletin, www.ausimmbulletin. com/feature/the—role-of-mme-plannmg—m-hlgh-
performance. (Accessed: 20 June, 2019) s B

Honglan, L., Ruyun, ‘Y. and Xiaona, Q. (2014), “Productmty AnalyS|s and Benchmark
Selection of X Mining Company by DEA”, Journal of Chemical_ and }’
Research, Vol. 6(4), pp. 162 - 168.

Humphreys, D. (2019), “Mining Productwnty and the Fourth lndu i

armaceutical

il Revolution”,
Mineral Economics, Dundeé University, Dundee ,pp- 1l - 11

Jemishkumar, M., Bharti, S. and Kant, R (2017), “Appllcablllty-of 'Contmuous Miner in
Room and Pillar Mining System ngher Productlon and Productivity with Safety”,
International Conference on Deep Excavation, Energy Resource and Production,
Kharagpur India, pp. 8 - 11.

Katsuro, P., Gadzirayi, C. T., Taruwona, M. and Mupararano, S. (2010), “Impact of
Occupational Health and Safety on Worker Productivity: A Case of Zimbabwe Food
Industry”, African Journal of Business Management, Vol. 4(13), pp. 2644 - 2651.

Kumar, U. and Huang, Y. (1993), “Reliability Analysis of a Mine Production System - A
Case Study”, Proceedings Annual Reliability and Maintability Symposium, Atlanta,
USA, pp. 167 - 172. 5 ;

Kuykendall, B. T. and Qureshi, R. (2014), “US Coal Industry Challenged by over a Decade‘:
of Declining Productivity”, SNB Financials, pp. 1 - 5.

61



http://www.ey.com/Publication/vwLUAssets/EY-productivity-in-mining-now-comes-the-hard-part/$FILE/EY
http://www.ey.com/Publication/vwLUAssets/EY-productivity-in-mining-now-comes-the-hard-part/$FILE/EY
http://www.ausimmbulletin.com/feature/the-role-of-mine-planning-in-high-performance
http://www.ausimmbulletin.com/feature/the-role-of-mine-planning-in-high-performance

Lanke, A. A., Ghodarati, B. and Hoseinie, S. H. (2016), “Uncertainity Analysis of
Production in Open Pit Mines - Operational Parameter”, Mining Science, Vol. 23, pp.
147 - 160.

Lashkari, H. (2014), “Duty Cycle Study of Coal Mine Shuttle Cars”, Pennsylvania State
University, Pennsylvania, pp. 26 - 27.

Lawrence, D. and Diewert, E. (1999), “Measuring New Zealand’s Productivity - Treasury
Working Paper”, Construction. 99/5, pp. 1 - 378.

Lovell, C. A. K. (1993), “Production Frontiers and Productive Efficiency”, in Chapter 1,
The Measurement of Productive Efficiency - Techniques and Applications, (Fred, H.,
Lovell, K. and Schmidt, S., eds.), Oxford University Press, Oxford, pp. 3 - 67.

Mahieu, P. (2017), “Evaluation and Optimization of an Underground Haulage System Using
Discrete Event Simulation”, Aalton University, pp. 1 - 48.

Malhotra, R. (1975), “Factors Respbnsible for Variations in Productivity of Illinos Coal
Mines”, lllinois State Geological Survey, pp. 1 - 22.

Mathu, K. (2014), “Applying the Theory of Constraints in the Soutﬁ African Coal Supply
Chain”, Mediterranean Journal of Social Sciences; Vol='5(9), pp- 131 - 141.

Mawson, P., Carlaw, K. I Mclellaﬁ, N. and Mclellan, 'N. ; (2003);‘Productivity
Measurement: Alternative Approaches and Estimates;’, New Ze‘alqnd;:TreQSwy, pp- | -

Mishra, D. P., Sugla, M. and Singha, P. (2013),“Productivity lmprovem,e.qt,iln. Underground

Coal Mines - A Case Study”, Journal of Sustainable_Minihg, Elseyiér';yz)l. 12(3), pp. 48

Neingo, P. N. and Tholana, T. (20)6),' “Trends in‘:Prqduétiyitj'/' in the South African Gold
Mining Industry”, The Journal of The Soi'(th'ei"r,l_‘Aﬁ‘t;‘(.'an Institute of Mining and
Metallurgy, Vol. 6, pp. 8 - 11.

Osborne, J. and Waters, E. (2003), “Four Assumptions of Multiple Regression that
Reseaarchers Should Always Test”, Practical Assement, Research and Evaluation, Vol.
8(2),pp. 1 - 5.

Oxenburg, M., Marlow, P. and Oxenburg, A. (2004), “Increasing Productivity and Profit
through Health and Safety: The Financial Returns from a Safe Working Environment”,
1 ed., CRC Press, Boca Raton, pp. 208.

Parmar, P. S. and Deshpande, V. A. (2014), “Implementation of Statistical Process Control
Techniques in Industry: A Review”, Journal of Emerging Technologies and Innovative
Research, Vol. 1(6), pp. 583 - 587. |

62




Rao, G. N. (2007), Statistics for Agricultural Sciences, BS Publication, Hyderabad, pp. 123.

Ridzuan, F. and Wan Zainon, W. M. N. (2019), “A Review on Data Cleansing Methods for
Big Data”, Procedia Computer Science, Elsevier B. V., Vol. 161, pp. 731 - 738.

Reiff, A., Sugér, A. and Suranyi, E. V. A. (2002), “Productive Effeciency in the Hungarian
Industry”, Institute for Economic Analysis, pp. 1 - 30.

Roy, D. (1995), “Basic Tools for Process Improvement”, BIO-1912 Microbiologie
Générale, pp. 1 - 38.

Segopolo, P. R. (2015), “Optimization of Shuttle Car Utilization at an Underground Coal
Mine”, The Southern African Institute of Mining and Metallurgy, Vol. 115, pp. 285 - 296.

Serrat, O. (2014), “The Five Whys Technique, Research Gate”, Asian Development Bank,
Washington DC, pp. 1 - 6.

Timilsina, B. (2012), “Removing Bottleneck from a Manufacturing Unit: A Case Study to
BET - KER OY, Ylivieska - 84100, Finland”, Central Ostrobothnia University of
Applied Sciences, Talonpojankatu, Finland, pp. 66.

Topp, V., Soames, L., Parham, D. and Bloch, H. (2008), “Prbductivity in the Mining
Industry: Measurement and Interpretation”, >Au.§'tralian G‘overnment Productivity
Commission, pp. | --176: . _ % |

Tsolas, I. E. (2019), “Mine Performance Assessment by Means of S_tb@hz___jstic Frontier
Analysis”, Mathematical Problems in Engineering, Ankara, Turkey,‘Yélé ;2019, pp- 1 -

Tumurchudur, S., Luvsandondov, ©O. and Luuvanchig, D. (201'7),.»“$6me Results of
Productivity Analysis in Erdenet Mining®, Management and Innbvati'on.' International
Conference on Innovation and Emrepreneurshié DeveIopmerii, ; pb. 95 - 99.

Valery, W., Jankovic, A. and Sonmez, B. (201 1), “New Methodology to Improve
Productivity of Mining Operations”, XIV Balkan Mineral Processing Congress, pp. 2 -
10.

Watson, G. (2004), “The Legacy of Ishikawa”, Quality Progress, Vol. 4(37), pp. 54 - 47,
www.search.proquest.com/openview. (Accessed: 18" February, 2019).

Winkel, R. M. (2003), “Analysis of Longwall Development Systems in Australian
Underground Hard Coal Mines”, RWTH Aachen University, pp. | - 74.

Zaid, A. M. (2015), “Correlation and Regression Analysis”, 1** ed., Statistical Economic

and Social Research and Training Centre for Islamic Countries, Ankara, pp. 2.

63



http://www.search.proquest.com/openview



